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This paper presents a combination of techniques suitable for remotely sensing foliar Nitrogen (N) in semiarid
shrublands – a capability that would significantly improve our limited understanding of vegetation function-
ality in dryland ecosystems. The ability to estimate foliar N distributions across arid and semi-arid environ-
ments could help answer process-driven questions related to topics such as controls on canopy
photosynthesis, the influence of N on carbon cycling behavior, nutrient pulse dynamics, and post-fire recov-
ery. Our study determined that further exploration into estimating sagebrush canopy N concentrations from
an airborne platform is warranted, despite remote sensing challenges inherent to open canopy systems.
Hyperspectral data transformed using standard derivative analysis were capable of quantifying sagebrush
canopy N concentrations using partial least squares (PLS) regression with an R2 value of 0.72 and an R2
predicted value of 0.42 (n=35). Subsetting the dataset to minimize the influence of bare ground (n=19) in-
creased R2 to 0.95 (R2 predicted=0.56). Ground-based estimates of canopy N using leaf mass per unit area
measurements (LMA) yielded consistently better model fits than ground-based estimates of canopy N
using cover and height measurements. The LMA approach is likely a method that could be extended to
other semiarid shrublands. Overall, the results of this study are encouraging for future landscape scale N es-
timates and represent an important step in addressing the confounding influence of bare ground, which we
found to be a major influence on predictions of sagebrush canopy N from an airborne platform.
© 2012 Elsevier Inc. All rights reserved.
1. Introduction
Dryland ecosystems are extremely vulnerable to desertification
and account for roughly 40% of the Earth's land surface (e.g.,
Mortimore, 2009). This paper presents a combination of techniques
that are suitable for remotely sensing foliar Nitrogen (N) in semiarid
shrublands – a capability that would significantly improve our limited
understanding of vegetation functionality in dryland ecosystems.
Whereas vegetation indices such as Modified Soil-Adjusted Vegeta-
tion Index (MSAVI) attempt to quantify vegetation abundance, esti-
mates of foliar N across arid and semi-arid environments could help
answer process-driven questions related to topics such as controls
on canopy photosynthesis (Polley et al., 2010) and the influence of
N on carbon cycling behavior. Also, in systems where soil water is
the primary limiting resource and influenced by changes in available
N (Inouye, 2006), there is opportunity for remote sensing of foliar N
to augment studies related to nutrient pulse dynamics and post-fire
recovery.
Remote sensing of sagebrush N, in particular, can yield assessments of
forage nutritional status across large areas. Sagebrush (Artemisia spp.)
communities constitute the largest temperate semi-desert in North
America and occupy approximately 60 million hectares of rangelands in
the western US including the Great Basin (Anderson & Inouye, 2001).
Sagebrush communities provide important habitat for wildlife and
rangelands for livestock. Sagebrush species are the dominant or co-
dominant species of over 40 habitat types (Blaisdell et al., 1982;
Monsen et al., 2004), where they provide food and cover necessary for
over 350 wildlife species including Greater Sage Grouse (Centrocercus
urophasianus) (Suring et al., 2005).
Studies have been surprisingly successful at estimating leaf and can-
opy N from reflectance measurements despite challenges associated
with radiosity modeling of leaf N (Kokaly et al., 2009) and spectral dis-
crimination of sagebrush and semi-arid backgrounds (Mundt et al.,
2006a; Okin et al., 2001). A growing number of remote sensing studies
have used airborne hyperspectral imagery to directly estimate canopy
biochemistry in forested (e.g., Martin & Aber, 1997; Martin et al.,
1998; Matson et al., 1994; Smith et al., 2002; Townsend et al., 2003;
Wessman et al., 1989) and open canopy landscapes (Huang et al.,
2004; Mutanga et al., 2004; Serrano et al., 2002; Skidmore et al.,
2010) using reflectance spectroscopy techniques developed empirically
in the laboratory. Near-infrared spectroscopy (NIRS) is highly accurate
at predicting the abundance of organic compounds in dry foliage (e.g.,
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Bolster et al., 1996; Curran, 1989; Curran et al., 2001; Petisco et al.,
2006) despite the relationship between reflectance variation and
plant material composition being complicated by similar and over-
lapping absorption features (Barton et al., 1992; Kokaly & Clark, 1999;
Kumar et al., 2001). Techniques in NIRS are successful enough to have
replaced wet chemistry as the biochemical assay standard in food and
agricultural industries (Williams & Norris, 1987).
Laboratory spectroscopy studies of N traditionally apply derivative
transformations to smoothed reflectance data (i.e. logarithm of the
inverse of reflectance) to minimize noise and background signal var-
iation and resolve overlapping absorption features (Hruschka, 1987).
Kokaly and Clark (1999) illustrated the use of continuum removed re-
flectance and band normalization (Clark & Roush, 1984) to reduce the
effects of leaf water, soil background, sensor noise, bandwidth, and
atmosphere on biochemical estimations at field and remote sensing
scales. While this Kokaly and Clark study cautions the need to develop
remote sensing algorithms that remove the influence of water, the
methodologies are intended to be less sensitive to the influence of
soil background than traditional methods. In fact, linear mixture
modeling in the study indicated N estimates were insensitive to soil
background until soil cover exceeded 40%. Spectral transformation
techniques for estimating foliar biochemistry with relatively low sen-
sitivity to partial canopy coverage hold particular promise in semi-
arid landscapes, where changes in leaf chemistry are not thought to
translate to landscape level detection unless cover exceeds 70%
(Asner et al., 2000).
Overall, current literature indicates that sagebrush appears to be a
viable candidate for retrieving biochemical information from subtle
absorption features associated with N concentration. Kokaly et al.
(2003) analyzed broad absorption features using continuum removal
for vegetation mapping purposes. The authors reported late summer
sagebrush samples had relatively low water and chlorophyll content
and relatively strong absorption features related to constituents
such as nitrogen, lignin and cellulose at 2100 and 2300 nm. A study
of sagebrush N conducted at the field scale (Mitchell et al., 2012)
reported encouraging results when estimating N concentrations
using spectroradiometer data collected over individual shrub cano-
pies and transformed using standard derivative analysis. The field
spectroscopy study determined that leaf water and a known N ab-
sorption feature near 2180 nm accounted significantly for variations
in N concentration in the live shrub dataset analyzed.
The primary objective of our study was to determine if sagebrush
canopy signals are strong enough to support detection of sagebrush
canopy N from an airborne hyperspectral platform. The bare ground,
wood, litter and soil crust that surround sagebrush crowns contribute
to high albedo, which is further exacerbated by the vertical leaves and
grey trichome leaf hair of sagebrush and lack of an optically dense
vegetation target. Consequently, expression of N information at the
canopy scale is likely weak and the results are largely dependent on
factors such as bare ground percent cover and methods of scaling
from the leaf-level to the plot or whole canopy-level. Thus, a second
objective of our study was to compare how two different methods
for estimating whole canopy-level N affect agreement between wave-
length predictors and N concentrations in sparse desert shrubland.
The first method estimates phytomass by expressing cover on a
mass basis using dry leaf mass per area (LMA) ratio (e.g. Smith et
al., 2002) while the second method estimates phytomass using a
shrub volume surrogate that combines absolute cover and height
(Serrano et al., 2002).
2. Materials and Methods
2.1. Study Area
The study area is located in a cold desert sagebrush-steppe envi-
ronment on the Department of Energy, Idaho National Laboratory
(INL) in eastern Idaho. The sampling area consists of all land within
an 805 m radius of an unmanned aerial vehicle test runway (43°
35’ N; -112° 54'W), with elevations ranging from approximately
1479 m to 1496 m. Wyoming big sagebrush (Artemisia tridentata
subsp. wyomingensis) is the dominant shrub, while basin big sage-
brush (Artemisia tridentata subsp. tridentata) occurs in depressional
areas and drainage channels. The sagebrush species have both per-
sistent and ephemeral leaves that are vertical with fine grey tri-
chome hair. The canopies have relatively sparse leaves with many
woody stems covered by rough grey bark. Collectively, these character-
istics contribute to spectrally indeterminate signals of sagebrush. Other
species common to the area include yellow rabbitbrush (Chrysothamnus
viscidiflorus), pricklypear cactus (Opuntia spp.) and crested wheatgrass
(Agropyron cristatum). Air tends to be relatively dry (the average annual
precipitation is 285 mm) and the area experiences extreme diurnal and
seasonal fluctuations in ground temperature, with an average daily
temperature that ranges from−12.22 °C in January to 21.11 °C in July
(DOE-ID, 1989). Plant water stress in this ecosystem is minimal in the
spring and early summer, increases during the mid and late summer,
and is greatest in August (DePuit & Caldwell, 1973). Accordingly, sage-
brush crude protein content is usually highest in the spring and gradu-
ally decreases into winter. Local precipitation records for summer 2010
are consistent with these trends. Total precipitation recorded by the
Atomic City NOAA mesonet station for the months of May, June, and
July 2010 were 37, 17, and 12 mm, respectively.
2.2. Field data collection and analysis
A roaming ground surveywas conducted from 09August 2010 to 10
August 2010 to sample a total of 35 square plots (7 mX7 m) for percent
cover (sagebrush, shrubs other than sagebrush, grass/ herbaceous, bare
ground, and deadwood), average sagebrush height and foliarN content.
Plots were located in placeswhere bare ground and sagebrushwere the
dominant land cover features. Understory vegetation, grasses, and other
shrubs were minimized to control for the influence of non-target vege-
tation. It should be noted that forbes and grasses were senescing at the
time of field sampling, and that litter and surface crusts were not green.
For each plot, locations were recorded for two opposite corners using a
Wide Area Augmentation System (WAAS) enabled Trimble GeoXT
(Sunnyvale CA) model GPS receiver and locations were differentially
corrected using GPS Pathfinder software (v3.10, Trimble Navigation
Limited, Sunnyvale CA). Post-processed point data from this GPS unit
is capable of sub-meter positional accuracy (Serr et al., 2006). To calcu-
late percent cover, the 7 m X 7 m plots were divided into 49 subplots
(1 m X 1 m) and dominant cover was recorded for each subplot. Aver-
age sagebrush height was estimated for each plot by measuring all
shrubs in the plot from the ground level to the highest point of stem
growth, then averaging all sagebrush height measurements. Foliar N
content was analyzed by collecting green-leaf samples from four
randomly-selected sagebrush shrubs in each plot. Two long stem spec-
imens (approximately 40 cm in length) containing representative leaf
forms (i.e., ephemeral and persistent) were clipped from the top of
each sagebrush and air dried for several days until laboratory analysis.
The four specimens collected from each plot were combined into single
samples, prepared, and analyzed for leaf level N concentrations of oven-
dried ground foliage (g N / 100 g sample) using a Leico TrueSpec CN
analyzer (St. Joseph, MI).
We scaled N concentrations from leaf level to plot level (total sage-
brush canopy within 7 m X 7m plots) by adapting Smith and Martin's
(2001) plot-based method for estimating forest canopy chemistry to a
shrub environment. Smith andMartin's approach has been implemented
in several remote sensing studies to rapidly estimate forest canopyN (e.g.,
Martin & Aber, 1997; Ollinger & Smith, 2005; Smith et al., 2002;
Townsend et al., 2003) by weighting the fraction of canopy foliar mass
per species by the mean foliar N concentrations for each species in a
stand. In these studies, each species contribution to total canopy mass
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was determined by combining species LMAmeasurements with camera-
based sampling methods to estimate relative fraction of leaf area by
height (usually 2 m increments) and species. Our study assumed a single
shrub stratum and calculated plot level N by combining sagebrush per-
cent cover and leaf level N concentrations in each plot with a mean
LMA measurement for big sagebrush (Artemisia tridentata spp.). A single
mean LMAmeasurementwas obtained by averaging LMAmeasurements
collected from the leaves of 36 independent samples collected from the
same study area in summer 2009 (Mitchell et al., 2012). Single-sided
leaf area was measured using a Li-COR Biosciences area meter (model
LI-3100; Lincoln, Nebraska). Samples were then oven dried (60 ° C for
72 hours), ground in a Wiley mill, passed through a 1-mmmesh screen,
and weighed to the nearest 0.1 mg. The average single sided leaf area
was 1.12 cm2, with a standard deviation of 0.25 cm2 and the average
dry weight was 9.68 mg with a standard deviation of 1.87 mg. We also
tested an alternative plot-level sagebrush canopy N calculation whereby
sagebrush foliar N concentration is weighted by a shrub volume surro-
gate: the product of absolute cover and mean height (Serrano et al.,
2002). This alternative method for calculating sagebrush canopy N is
hereafter referred to as ‘bulk canopy N’.
2.3. HyMap Data
On 13 August 2010, an airborne HyMap sensor (operated by
HyVista, Inc., Sydney, Australia) collected two overlapping flightlines
(≈11 km2 total) of hyperspectral imagery approximately 2496m
above ground level with a nominal pixel resolution of 2.1 m. The sensor
collects calibrated radiance data in 126 near-contiguous spectral bands
(450–2480 nm) that range in width from 15 μm in the visible and near-
infrared to 20 μm in the shortwave infrared (Cocks et al., 1989). The ra-
diance values were converted by the vendor to apparent reflectance
using the HyCorr (Hyperspectral Correction) absolute atmospheric cor-
rection modeling package, which is based on the Atmospheric Removal
Program (ATREM; Gao & Goetz, 1990; ATREM, 1992). A total of 14
ground control points collected throughout the imagery were used to
assess HyMap georegistration error. Directional shifts occurred non-
uniformly, with a combined root mean square errors (RMSE) of 2.8 m
for the two flightlines. Reflectance spectra were extracted from square
sample plot polygons (7 m X 7 m) by averaging the pixels (ranging
from 9–11 pixels) with area majority inside the plots. The following re-
gions were removed from the data due to noise and water absorption:
1390–1419, 1796–1948, and 2472–2487 nm.
2.4. Spectral data processing
HyMap reflectance data (Fig. 1) were transformed using two differ-
ent approaches, 1) standard derivative analysis and 2) band depth anal-
ysis of continuum removed absorption feature spectra. For the first
approach, first derivative of log transformed reflectance (FDR) [Log10
(1/R)] was implemented in ViewSpec Pro™ (v6.0 ASD, Inc., Boulder,
CO) using log transformed HyMap reflectance spectra as input. The cal-
culation of the log transformation of reflectance uses a polynomial in-
terpolation, Neville's algorithm (Press et al., 1992), from which new
HyMap reflectance datasets, interpolated at 1 nmwavelength intervals,
are generated. The interpolation performed in ViewSpec Pro™. The log
transformed HyMap reflectance datasets were then used as input in the
subsequent first derivative reflectance calculation, which uses the fol-
lowing equation:
FDR λð Þ ¼ F λþ Δλð ÞF λ−Δλð Þ½ 
2Δλ
where F and FDR (λ) isfirst derivative reflectance, or slope value. First de-
rivative reflectance was therefore calculated every 1 nm by differencing
wavelengths, specified in this analysis as the three sample points on ei-
ther side of the wavelength being calculated. The three point analysis is
the smallest wavelength gap (7 nm) in ViewSpec Pro™ and was selected
to avoid masking narrow absorption features that may be related to N
concentration.
For the second approach, continuum removal was used to esti-
mate then remove absorptions not related to the feature of interest
(Clark & Roush, 1984) while band depth normalization (to the band
center) was used to compare the shape of absorption features.
Changes in shape are correlated to foliar chemistry - for example, a
broadening of the absorption feature at 2100 nm occurs with an in-
crease in N concentration (Kokaly, 2001). Continuum removal was
applied to select wavelength intervals with known N associations
(Curran, 1989) using Spectral Library Builder in ENVI 4.7 (ITT Visual
Information Solutions, 2010). We isolated five absorption features
for continuum removal (Table 1) by collectively examining HyMap
reflectance spectra to identify local spectral maxima. Normalized
band depths were then calculated for each wavelength in the contin-
uum removed intervals following methods described in Kokaly and
Clark (1999). For each sample, we expressed normalized band
depth in terms of the band depth normalized to the wavelength at
the center of the absorption feature (CR) using the formula:
CR ¼ 1
R
Ri
 
1 RcRic
 
where R is the reflectance value at the waveband of interest, Ri is the
continuum removed reflectance value for the waveband of interest, Rc
is the reflectance value at the center of the absorption feature, and Ric
is the continuum removed reflectance value at the center of the ab-
sorption feature.
Fig. 1. Average reflectance spectra of sample plots (7 m X 7 m) extracted from HyMap
data (thick line) and field spectrometermeasurements (Mitchell et al., 2012) of individual
big sagebrush (Artemisia tridentata spp.) canopy (thin line) and bare ground (dashed line).
Field spectrometer measurements were collected on and in the vicinity of the study area
July 2009 (Mitchell et al., 2012) using a FieldSpec® Pro (Analytical Spectral Devices, Inc.,
Boulder CO, USA). Bands removed due to noise and water absoprtion not depicted.
Table 1
The location of absorption features selected for continuum removal (CR) along with ab-
sorption features of known association with N in dried, ground leaves, as reported by
Curran (1989).
Short wavelength
endpoint (nm)
Long wavelength
endpoint (nm)
Known N absorption fea-
tures (nm)
HyMap plot spectra (n=35)
531 708 640, 660
1001 1091 1020
1663 1738 1690
2005 2205 2060, 2130, 2180
2241 2392 2240, 2300
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2.5. Relating spectral measurements to foliar nitrogen concentrations
We used partial least squares (PLS) regression to relate trans-
formed HyMapwavebands (FDR and CR) to plot level N concentration
estimates. We chose PLS over stepwise regression because PLS regres-
sion is commonly used in chemometric applications with large num-
bers of predictor variables (e.g. wavelengths). Also, stepwise
regression has been criticized in live vegetation studies for dependen-
cy on the dataset being used and selection of wavebands that are ei-
ther physically unrelated to absorption features associated with the
biochemical being tested or correlated to other biochemicals
(Curran et al., 1992; Grossman et al., 1996; Johnson et al., 1994;
Martin & Aber, 1997). A PLS approach is in following with several re-
cent and related remote sensing studies that have either evaluated
(Huang et al., 2004) or used PLS regression (Ollinger & Smith, 2005;
Ollinger et al., 2008; Smith et al., 2002; Townsend et al., 2003) to re-
late wavebands to biochemical concentrations.
Eight dataset combinations were considered independently of
each other in our regression analyses to test the influence of spectral
transformation techniques, sagebrush canopy N estimation methods,
and bare ground cover on model fit. First, two different variations of
the set of predictor variables were considered: wavelengths trans-
formed using CR and wavelengths transformed using FDR. These
two variations were then combined with four variations of the cano-
py N response variable: canopy N calculated using LMA, canopy N cal-
culated using the bulk canopy N alternative, and subsets of each with
bare ground coverb40% (n=19 plots).
All PLS regressions were implemented in Minitab version 15.1.30.0
software (Minitab, Inc., State College, PA) using the nonlinear iterative
partial least squares (NIPALS) algorithm and leave-one-out cross vali-
dation was used to select a “best” model based on an optimal number
of components that maximizes the model's predictive ability. The opti-
mal number of model components was limited to eight to avoid over-
fitting. Prediction error sum of squares (PRESS) and predicted
coefficient of determination (R2 predicted) values are reported. R2
predicted values are more conservative than R2 values and penalize
overfitting, which is directly related to a model's predictive ability. An
R2 predicted value therefore provides a sense of how well a regression
equation would predict N concentrations using a new dataset, presum-
ably from a different study area. Due to software constraints, the full
continuum of wavelengths (n=1997) used as predictor variables in
the FDR-transformed models were reduced by first calculating regres-
sion coefficients between each wavelength and N response variable,
then visually selecting wavelengths with the highest absolute coeffi-
cients (n=738) using coefficient plots. For all PLS regression datasets,
wavelengths of interest were identified based on standardized regres-
sion coefficients generated in the best PLS regression models. Wave-
length selection was evaluated in the context of association with
known N foliar chemistry, such as nitrogen bonds in proteins.
3. Results and Discussion
The sample plots in our study contained a range of sagebrush
(22–71%) and bare ground (14–65%) cover estimates, which resulted in
plot level (7 m X 7m)whole canopy calculations of sagebrush N concen-
tration that varied from 0.37 to 1.18% (Table 2). Reflectance spectra
extracted from sample plots within the HyMap data reveal a high degree
of mixing (Fig. 1). Bare ground, exposed and senescent herabaceous un-
derstory, litter and dead wood obscure absorption features related to
chlorophyll (centered near 480 and 680 nm). In contrast, these absorp-
tion features are characteristically pronounced in the reflectance spectra
of live vegetation, as illustrated in Fig. 1 by the spectra of sagebrush can-
opy collected in the study area (Mitchell et al., 2012) with a FieldSpec®
Pro (Analytical Spectral Devices, Inc. Boulder, CO USA) field spectrometer
in July 2009 under cloud-free conditions, similar to that of the HyMap ac-
quisition. The influence of drier vegetation is also evidenced in theHyMap
spectra by a gradual (rather than a steep) increase in reflectance values
near the red-edge (near 750 nm).
PLS regression model results varied, with R2 values ranging from 0.37
to 0.97 and R2 predicted values ranging from 0.0 to 0.56 (Table 3). These
results are consistent with previous studies that have used remote sens-
ing to estimate canopy N in open (Serrano et al., 2002) and closed canopy
(e.g.; Huang et al., 2004; Martin et al., 2008; Ollinger & Smith, 2005;
Ollinger et al., 2008) environments. The R2 values in these studies ranged
from0.57 to 0.99. The Kokaly and Clark continuum removalmethodology
has consistently outperformed FDR in previous studies using dry and
fresh plant spectra, with R2 values ranging from 0.43 to 0.85 (e.g.,
Curran et al., 2001; Huang et al., 2004; Mutanga et al., 2004). In this
study, regression models using continuum removal produced R2 values
ranging from 0.37 to 0.65 (R2 predicted 0.00 – 0.19), while we obtained
higher R2 values using FDR, with values ranging from 0.55 to 0.72 (R2
predicted 0.26 – 0.56).
Overall, PLS regression results suggest that bare ground cover has
a major influence on the ability to remotely estimate sagebrush can-
opy N concentration. Compared to CR-transformed datasets, FDR-
transformed datasets appeared more sensitive to changes in bare
ground cover, as subsetting plots (from n=35 to n=19) on the
basis of bare ground cover accounted for major differences in model
performance. These differences are considered valid despite the
small sample size of the bare groundb40% subset (n=19) because
of both the large number of components extracted and the high R2
predicted (Table 3). When the influence of bare ground was mini-
mized in the FDR datasets by subsetting the data to include only
Table 2
Summary of field data collected for each sample plot (49 m2): percent land cover, av-
erage sagebrush height, and N concentration measured at the leaf level (dried, ground)
and estimated at the whole canopy level using leaf mass per unit area (LMA)
measurements.
Plot Sagebrush
(% cover)
Shrub
(other)
(%
cover)
Bare
ground
(%
cover)
Herb.
(%
cover)
Dead
wood
(%
cover)
Avg.
sagebrush
height
(cm)
Leaf
N
(%)
Canopy
N (%)
1 31 0 39 27 4 73 2.78 0.50
2 47 0 41 6 6 70 2.59 0.97
3 35 2 39 18 6 58 2.19 0.62
4 33 0 49 16 2 79 2.78 0.59
5 41 2 33 10 14 58 2.53 0.72
6 65 0 29 4 2 53 2.34 0.94
7 51 2 24 14 8 56 2.07 0.86
8 22 8 47 14 8 80 2.16 0.43
9 39 0 47 6 8 89 1.85 0.65
10 39 4 47 2 8 72 2.09 0.68
11 41 0 49 0 10 68 1.61 0.70
12 71 0 14 10 4 43 2.12 1.06
13 39 2 43 8 8 58 2.33 0.52
14 65 0 29 2 4 52 2.08 1.03
15 53 0 18 18 10 57 1.67 0.83
16 45 2 22 24 6 51 2.23 0.70
17 45 0 37 12 6 59 2.04 0.71
18 71 0 24 2 2 52 1.95 1.18
19 49 0 39 4 8 42 2.28 0.74
20 49 2 18 16 14 55 2.35 0.77
21 55 0 31 6 8 49 1.71 0.82
22 47 2 31 4 16 52 2.41 0.83
23 37 2 35 14 12 67 2.34 0.61
24 49 2 33 10 6 49 1.54 0.80
25 29 0 65 4 2 53 1.89 0.48
26 37 0 57 0 6 38 1.77 0.60
27 27 0 45 4 24 53 2.25 0.42
28 41 4 45 6 4 44 2.33 0.61
29 43 0 51 2 4 38 2.15 0.66
30 37 0 33 18 12 47 1.90 0.55
31 39 2 33 16 10 53 1.92 0.60
32 35 0 45 12 8 59 2.04 0.47
33 31 0 45 16 8 61 2.52 0.45
34 24 0 51 20 4 52 1.88 0.37
35 47 0 49 0 4 73 2.74 0.69
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sample plots with cover>40%, R2 values increased from 0.72 to 0.95
and from 0.55 to 0.97. When the influence of bare ground was mini-
mized in the CR datasets, R2 values remained at 0.65 in the dataset
that calculated canopy N using LMA measurements and increased
from 0.37 to 0.56 in the dataset that calculated canopy N using the al-
ternative bulk canopy N method. While the sample size in this study
is not large enough to support incremental thresholding of bare gro-
und cover (e.g., Mundt et al., 2006b), CR results support the assertion
that this transformation technique is relatively insensitive to soil
background (Kokaly & Clark, 1999).
Datasets for which canopy N was calculated using LMA measure-
ments consistently yielded better model fits than datasets for which
canopy N was calculated using the alternative bulk canopy N method
(Table 3). These results are logical, as a bulk estimate of canopy N
based on height and absolute cover provides a less direct estimate
than does the combination of canopy cover and LMA. Further, the lat-
ter approach expresses N concentration on a mass basis (g N / 100 g),
and mass-based N relationships have been noted for photosynthetic
capacity (Field & Mooney, 1986; Ollinger et al., 2008; Reich et al.,
1999) and soil N availability (Pastor et al. 1984, Yin 1992, Scott &
Blinkley 1997, Smith et al. 2002).
Shorter wavelengths with high predictive potential in the CR and
FDR-transformed datasets (503, 508, 513, 546, 591, and 679 nm;
Table 3) occur in the visible portion of the spectrum and are likely re-
lated to plant pigments such as β-carotene and chlorophyll, which are
correlated to protein and therefore total N (Field & Mooney, 1986).
Themajority of remaining wavelengths with high predictive potential
in the CR datasets occurred within 20 nm of known N absorption fea-
tures in the near- and shortwave infrared (i.e., 1016, 2043, 2062,
2117, 2293, 2360, and 2376 nm; Table 3). Possible causal explana-
tions include N–H stretch at 1020, 2130 and 2300 nm, N–H stretch
and N-H bend at 2060 nm, and protein and nitrogen overtone at
2350 nm. Wavelengths that have high predictive potential in the CR
datasets but lack a causal explanation are limited to 1046 and
1076 nm. The 1043 nm wavelength has been identified recurrently
in a similar study (Huang et al., 2004). Possible explanations for iden-
tification of these wavelengths include C-H stretch and C-H deforma-
tion related to oil at 1040 nm and C-H stretch and a second overtone
related to lignin at 1120 nm.
The majority of wavelengths with high predictive potential in the
FDR-transformed datasets lack evidence of causal association with N
(i.e., 1076, 1078, 1091, 1151, 1154, 1163, 1424, 1661, 1663, 1749,
1919, 2024, and 2425 nm). This is expected since theCRdatasets consist
of wavelength intervals pre-selected based on knownN absorption fea-
tures, while the FDR-transformed datasets do not. Consequently, wave-
length selection based on standardized coefficients for the FDR-
transformed datasets may rely heavily on how much the wavelength
value varies in the dataset. One such casemay be the selection of wave-
lengths in the near infrared region (i.e., 808, 827, and 891 nm). This re-
gion has been broadly shown to vary with %N, likely as a result of
correlations between %N and leaf-to-canopy traits that influence scat-
tering (e.g. Ollinger, 2011). The wavelength 1424 nm is likely related
to leaf water absorption near 1400 nm while other wavelengths could
be related to absorption features associated with constituents such as
lignin, cellulose and starch. Since non-photosynthetic vegetation is
largely composed of lignin and cellulose, thesewavelength selection re-
sults may reflect the influence of dead matter at the plot and landscape
scale in open canopy systems.Wavelengthswith high predictive poten-
tial in the FDR-transformed datasets that occur within 20 nm of a
known N absorption feature are limited to 1676 and 1990 nm. The
1690 nm is a nitrogen and protein overtone band and N–H asymmetry
related to protein occurs at 1980 nm. Findings in our study are consis-
tent with general findings in previous studies that report wavelength
selection near relatively strong absorption features related to biochem-
ical constituents such as nitrogen, lignin and cellulose (e.g., Curran et al.,
2001; Huber et al., 2008; Johnson & Billow, 1996; Kokaly, 2001; Kokaly
& Clark, 1999; Kokaly et al., 2003; Mutanga et al., 2004).
4. Conclusions
HyMap spectra transformed using standard derivative analysis
was capable of quantifying sagebrush canopy N concentrations
using PLS regression with an R2 value of 0.72 and an R2 predicted
value of 0.42. Subsetting the HyMap dataset to minimize the influ-
ence of bare ground increased R2 to 0.95 (R2 predicted=0.56). Calcu-
lating canopy N using LMA measurements rather than bulk canopy
estimates yielded consistently better model fits between wavelength
predictors and plot-level N concentrations. A final comparison to the
Serrano et al. study (2002) is revealing despite the difference in the
sizes of the areas sampled. A bulk canopy approach and 20 m pixels
may be well suited for rapid, regional estimations of N content in
landscapes with relatively continuous cover. In contrast, a more
measurement-intense leaf mass per unit area approach and 2 m
pixels may be warranted when estimating canopy N across sparsely
vegetated landscapes.
The implementation of spectral transformation techniques should
be further refined and additional datasets should be collected in
Table 3
Partial least square regression results for relating foliar N concentrations to HyMap
spectra extracted from field plots (7 m X 7 m; n=35). Prediction error sum of squares
(PRESS) and R2 predicted values are reported.
Dataset No. of PLS
components
R2 R2
Predicted
PRESS Wavelength
Selection
Spectral Transformation: Continuum Removed Reflectance
Canopy N estimated
using proportional
leaf area and leaf
mass per unit area
measurements
(n=35)
2 0.65 0.19 1.02 1046, 1076,
2360⁎, 591,
2343⁎, 2117⁎
Canopy N estimated
using proportional
leaf area and leaf
mass per unit area
measurements
(n=19) Bare
Groundb40%
1 0.65 0.18 0.47 1016⁎,2117⁎,
2043⁎,
2062⁎,
2293⁎, 679
Bulk Canopy N (height
and absolute cover)
(n=35)
1 0.37 0 1363.32 1046, 2343⁎,
546, 2024,
2376, 2360⁎
Bulk Canopy N (height
and absolute cover)
(n=19)
1 0.56 0 430.28 2117⁎,
2043⁎,
2062⁎,
2293⁎,1076,
1046
Bare Groundb40%
Spectral Transformation: First Derivative Reflectance of [log10 (1/Reflectance)]
Canopy N estimated
using proportional
leaf area and leaf
mass per unit area
measurements
(n=35)
2 0.72 0.42 0.74 1676⁎, 2024,
1990⁎, 1076,
513,1151
Canopy N estimated
using proportional
leaf area and leaf
mass per unit area
measurements
(n=19)
4 0.95 0.56 0.25 808, 1663,
2024, 1675⁎,
503, 1163
Bare Groundb40%
Bulk Canopy N (height
and absolute cover)
(n=35)
1 0.55 0.26 909.38 1163, 1749,
1919, 1424,
1078, 2425
Bulk Canopy N (height
and absolute cover)
(n=19)
5 0.97 0.55 151.60 1154, 1661,
508, 827,
891, 1091
Bare Groundb40%
⁎ Within 20 nm of a known N absorption feature.
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different study areas to improve and evaluate the predictive ability of
regressionmodels across sites. Results of this study represent an impor-
tant step in addressing the confounding influence of bare ground,which
we found to be a significant challenge in remote sensing of foliar N in
semi-arid landscapes, possibly more so than leaf water. Consequently,
future research should focus on image processing techniques to reduce
the influence of bare ground, such as leveraging equations derived at
the field/ individual shrub scale. Further consideration should also be
given to the role of leaf water and plot level canopy N calculation
methods by expanding the breadth of field data analysis. For example,
green leaf specimens could be analyzed for leaf water content and LAI
measurements could be collected at the shrub and plot levels. Finally,
it should be noted that future efforts will need to address N contribu-
tions from grasses and other shrub species. This point is suggested in
the derivative-transformed data, from which many of the wavelengths
selected as predictors of N concentration were likely related to lignin,
cellulose and starch. Collectively, study results are encouraging and
warrant the continuation of efforts to estimate foliar N concentrations
in open canopy systems, with the intention of further elucidating the
role of dryland ecosystem vegetation in processes such a desertification
and nutrient cycling.
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